The Mollisol region of Northeast China is an important crop production base of China. The soil quality of this region has greatly decreased in recent decades due to unreasonable land management, which in turn has reduced crop yields. The objectives of this study were to investigate the spatial distribution of a soil quality index (SQI) and the relationship between crop yield and soil quality in a catchment of the Chinese Mollisol region. A total of 168 soil samples were collected based on a 200-by 200-m grid and 4 yr of corn (Zea mays L.) yields and 15 soil quality indicators, including physical, chemical, and biological properties, were analyzed. Principal component analysis indicated that the critical indicators for characterizing soil quality were soil organic matter, total N, sucrase activity, NH 4 + -N, microbial biomass C, and microbial biomass N. The SQI varied from 0.147 to 0.804 with a mean value of 0.388. The spatial distribution of soil quality and corn yield showed that high values of both soil quality and corn yield were located in the north, and low values were in the south of the catchment. An empirical equation between corn yield and SQI was fitted, and cross-validation results showed that the empirical equations could be used to assess soil quality effects on corn yield with acceptable accuracy in the research area. Hence, to realize agricultural sustainability, effective soil conservation measures, such as no-till, cover crops, and retaining crop residues should be implemented in the study area instead of current cropland management measures.
W ith the economic and population growth in the world, agricultural sustainability has been considered crucial for meeting food demand and economic development in developing countries. However, the increase rate of corn, soybean [Glycine max (L.) Merr.], and rice (Oryza sativa L.) yields has slowed since 1995 (FAO, 2007) . The contiguous areas of Northeast China with black soil (Mollisol, US soil taxonomy), including three provinces (Heilongjiang, Jilin, and Liaoning) and the eastern part of the Inner Mongolian autonomous region, are considered important for Chinese crop production (Xu et al., 2010) . However, since large-scale cultivation in this region began in the 1950s, severe soil erosion has occurred and the thickness of Mollisol soils has decreased from 60 to 70 cm in the 1950s to 20 to 30 cm at present (Fan et al., 2005) . In some places the lacustrine and fluvial parent material of Mollisol soils has been exposed at the surface, which greatly reduces soil productivity (Zhang et al., 2007b) . Consequently, this trend further threatens food security in China Zhang et al., 2007a) . Therefore, a better understanding of the distribution of soil quality and its effects on crop yield are important for sustaining soil productivity in this region.
Soil quality has been defined as the capacity of the soil to function for a specific purpose (Karlen et al., 1997) ; therefore, soil quality is recognized as a key tool for assessing the sustainability of soil management systems (Schloter et al., 2006) . Soil quality is the outcome of interactions among physical, chemical, and biological characteristics, and its proper assessment requires the determination of a large number of soil properties, referred to as soil indicators (Bhardwaj et al., 2011; Marzaioli et al., 2010) . Soil physical and chemical properties that are easily obtained by simple and available methods have been extensively used to evaluate soil quality (Bhardwaj et al., 2011; Gong et al., 2015; Li et al., 2013) . Recently, soil enzymes and microbial parameters have been considered to be better indicators of changes in soil quality and have been increasingly used because they responds more rapidly to environmental changes than other chemical and physical properties (Chaer et al., 2009; Marinari et al., 2015) .
There are numerous soil quality assessment methods based on soil physical, chemical, and biological indicators, such as fuzzy association rules (Xue et al., 2010) , soil quality index (SQI) (D'Hose et al., 2014; Li et al., 2013) , and the soil management assessment framework (Karlen et al., 2008; Wienhold et al., 2009 ). The SQI is the most commonly used method of assessing soil quality due to its quantitative flexibility and easy usability (Andrews et al., 2002) . Current assessment methods for SQI are linear and multiple regression analysis (Mendham et al., 2002) , principle component analysis (PCA) (Gong et al., 2015; Shukla et al., 2006) , and minimum data set (MDS) (Liu et al., 2013b) . Many studies determined the MDS through PCA to reduce the cost and concluded that the MDS approach through PCA was the most suitable tool to evaluate soil quality (Gong et al., 2015; D'Hose et al., 2014; Li et al., 2013; Rezaei et al., 2006; Zornoza et al., 2015) .
Corn yield variability can be explained by changes in soil properties. Jagadamma et al. (2008) proposed that corn yield was positively correlated to water-stable aggregates, the mean weight diameter (MWD) of soil aggregates, organic C concentration, total N (TN), organic C stock, and TN stock and negatively correlated to soil pH, Mg 2+ , and K + . Blanco-Canqui et al. (2006) reported that soil temperature, water holding capacity, and stability of aggregates were the principal determinants of corn yield. Li et al. (2013) showed a significant correlation between pH, soil organic matter (SOM), TN, available N (AN), available P (AP), soil texture, and crop yield. Continuous winter wheat (Triticum aestivum L.)-summer corn rotation cultivation for >20 yr revealed a significant correlation between crop yield and SOC (Yang et al., 2015) . Soil quality is related to crop yield; however, many previous researchers in assessments of soil quality did not pay much attention to crop yield. Only a few researchers considered crop yield as an indicator of soil quality, but they used only 1 yr of crop yield to fit an equation between crop yield and soil quality (Shukla et al., 2006; Zheng et al., 2009 ). Thus they could not sufficiently explain how soil quality affected crop yield due to changes in yearly weather conditions, which greatly affect crop yield, and would have given their results biological significance (Li et al., 2013; Liu et al., 2014) . Therefore, it is necessary to assess soil quality based on the integration of soil physical, chemical, and biological indicators and to quantify the relationship with crop yield across many years.
To date, in the Chinese Mollisol region, researchers have analyzed several soil physical and chemical indicators to assess soil quality under long-term cultivation (Chen et al., 2013; Wang et al., 2013) . However, few studies have considered soil enzymes and microbial biomass in assessing indicators of soil quality, and they especially have not considered crop yield yet (Chen et al., 2013; Wang et al., 2013) . Compared with soil physical and chemical properties, soil enzymes and microbial biomass respond more rapidly to environmental changes (Chaer et al., 2009; Marinari et al., 2015) . Therefore, it is important to evaluate soil quality including soil enzymes, microbial biomass, and physical and chemical indicators and further quantify the effects of the SQI on crop yield, especially crop yield based on observational data that have been measured over the years.
The objectives of this study were: (i) to quantify changes in soil chemical, physical, and biological indicators in a long-term cultivation catchment in the typical Mollisol region of Northeast China; (ii) to assess soil quality using the MDS method through PCA and investigate the spatial variation in soil quality; (iii) to analyze the response of the spatial variation of crop yield to soil quality; and (iv) to investigate the relationship between crop yield and soil quality.
MATERIALS AND METHODS

Study Site
The study was conducted in the Dongshangou catchment with an area of 5.52 km 2 (127°31¢-127°34¢ E, 45°43¢-45°46¢ N), located in Bin County in the north of Heilongjiang Province in China (Fig. 1) . The elevation ranges from 160 to 220 m, and its topography is quite gentle. The slope length ranges from 40 to 1000 m, and the slope gradient is mostly 1 to 7°. The dominant soil association in this study catchment is classified as a Mollisol based on the US soil taxonomy. The catchment has a temperate continental monsoon climate, which is hot and rainy in summer and cold and arid in winter. The mean annual precipitation is 548.5 mm, 80% of which is received from June to September. The mean monthly temperature is 3.9°C.
With regard to land use, 90% of the fields is used for agriculture and is under conventional management, with corn being the dominant crop for several decades, and irrigation is not used in the study area. Field operations mainly include late autumn moldboard plowing, spring disking, hoeing, and ridging, with ridges being perpendicular to the slope. Essentially all residues are removed from the fields after harvest, and cropland is left fallow without any vegetation cover during October to April. Based on farmers' surveys, conventional fertilization focuses on mineral fertilizers, with fertilization using CO(CH 2 ) 2 , Ca(H 2 PO 4 ) 2 , and KCl for N, P, K, respectively. Similar fertilization was used in the sampling area. During the period of corn growth, mean rates of 60 kg N ha −1 , 15 kg P 2 O 5 ha −1 , and 52 kg K 2 O ha −1 were applied. The study area is considered to be representative of the typical Mollisol region because of its similar agricultural management (i.e., tillage regime, fertilization), weather conditions, crop system, soil, and productivity level. 
Soil Sampling
First, a detailed field survey, including assessing differences in topography, soil erosion, and corn growth status using a 1:10,000 topographic map and a 1:10,000 land use map of the catchment, was conducted. Second, a 200-by 200-m grid was used for collecting soil samples, accompanied by additional sample sites where the topography obviously changed, especially changes in slope gradient, or both erosion and deposition co-occurred. The soil samples were collected from each sampling site after the harvest in October 2009. Third, the coordinates and elevation at each sampling site were measured using a Magellan GPS tracker (5-m precision).
The soil samples, including undisturbed and disturbed soil depending on the purposes of analysis, were obtained side-byside at a 0-to 20-cm soil depth in the midpoint of the furrow. At each sampling site, 5 cm (inside diameter) by 5 cm (height) brass rings and iron containers were used to collect the undisturbed soil for bulk density (BD) and aggregate-stability measurements, respectively. Disturbed soil samples of approximately 1 kg were used to measure the soil physical, chemical, and biological indicators. Each disturbed sample was a composite of five subsamples that were taken within a circular area of 1 m in diameter. For each sampling site, three replicate samples were obtained. In total, 168 soil samples were collected, sealed in plastic bags, and carried back to the laboratory within a week.
In the laboratory, the obtained soil samples were air dried. Coarse materials in the samples, such as gravel and pieces of crop roots and residues, were removed by hand. Then the remainder of the samples were ground and passed through various sized sieves. One part was passed through a 0.25-mm mesh to measure SOM and TN. The remaining part was passed through a 1-mm mesh to measure soil particle fractions, AN, NO 3 − -N, NH 4 + -N, AP, pH, urease activity, alkaline phosphatase (ALP) activity, sucrase activity, microbial biomass C (MBC), and microbial biomass N (MBN).
Laboratory Methods
Soil chemical, physical, and biological analyses were conducted on triplicate samples. Bulk density was determined by measuring the volume of each original soil core (100 cm 3 ) and its dry mass after oven drying at 105°C (Lu, 2000) . The soil particle fractions were measured by laser diffraction using a Mastersizer 2000 (Malvern Instruments), following size class definitions by the USDA (Römkens et al., 1997) and expressed as the geometric mean diameter (GMD). The GMD was calculated as 1 GMD=exp 0.01 ln
where GMD is the geometric mean diameter of the soil particles (mm), f i is the weight percentage of the ith particle size fraction (%), m i is the arithmetic mean of the ith particle size limits (mm), and n is the number of particle size fractions. Soil aggregate stability was determined by the slow wet sieving method (Le Bissonnais and Arrouays, 1997) and expressed as the mean weight diameter (MWD). The MWD was calculated as (van Bavel, 1950) ( )
where i R is the average diameter of the ith class of soil aggregates, and w i is the percentage of the ith class in the whole soil sample.
The SOM was analyzed by wet oxidation with K 2 Cr 2 O 7 (Lu, 2000) . The TN was measured by the semimacro-Kjeldahl method (Lu, 2000) . The AN was measured by NaOH extraction and distilling (Lu, 2000) . The NO 3 − -N and NH 4 + -N were determined by extraction with 1 mol L −1 KCl solution (Lu, 2000) . The AP was determined by extracting samples with 0.5 mol L −1 NaHCO 3 and determining P calorimetrically using molybdate (Lu, 2000) . Soil pH was determined in 1:2.5 soil/water suspensions with an automatic acid-base titrator (Lu, 2000) . The MBC and MBN were determined by a chloroform fumigation-extraction method using K 2 SO 4 as an extractant and a soil/extractant ratio of 10:40 (Vance et al., 1987) . Soil urease activity was assayed by incubating the soil with urea according to the method of Guan et al. (1991) and colorimetrically determining the residual urea (Douglas and Bremner, 1970) . Soil sucrase activity and ALP activity were measured according to the methods recommended by Guan et al. (1991) .
Corn Yield Measurement
The corn yields of all sample sites were measured in 2009, 2010, 2012, and 2013 . Five sample rectangles of 2 m in length and 1.5 m in width in the corresponding soil sampling sites were selected to measure the corn yields of each site. Dry grain yields were obtained by drying the grain in an oven at 75°C to constant weight (Liu et al., 2013a) . The annual corn yield of each site was determined based on the mean weight of grain from the five sample quadrats. The corn yield was averaged across 4 yr to determine the average corn yield (Y c ) at each sample site.
Calculation of the Soil Quality Index
Principal component analysis was used to calculate the SQI in the following three steps: (i) selection of the critical indicators; (ii) scoring of the indicators based on their performance in soil function to convert indicator values into dimensionless scores (0-1); and (iii) integration of the indicator scores into an index of soil quality. The PCA was performed to group standardized data attributes into principal components (PCs) or statistical factors based on their correlations. To maximize the correlations between PCs and soil quality indicators, the variables were subjected to varimax rotation. Each factor was correlated with the group of attributes that comprised it. Factors with eigenvalues >1 were restored to explain the total variation of the data. Within each PC, highly weighted indicators were defined as those with absolute values within 10% of the highest weighted loading. When more than one variable was retained in a PC, each was considered important and was retained in the MDS if they were not correlated (r < 0.60) (Andrews et al., 2002) .
To eliminate the impact of different measurement units, the data were standardized before analysis through multicomponent techniques as min max min
where X ij is the score of the indicator (range between 0 and 1), x ij is the jth factor of the ith cell in the original data, and x jmax and x jmin are the maximum and minimum values of the respective soil quality indicator. Both MWD and BD were standardized using Eq.
[3b]. The other soil indicators were standardized using Eq.
[3a]
. A scientifically reasonable soil quality assessment method should consider not only the interactions of soil indicators but also the effect of each soil indicator's weight on the soil quality assessment result (Romaniuk et al., 2011) . Based on the literature, a weighted method was used:
where SQI is the soil quality index, ranging between 0 and 1 with a higher index score meaning better soil quality, W i is the PC weighting factor, S i is the indicator score for the ith variable, and n is the number of variables in the MDS. To apply this equation, the values of W i and S i must be determined. After a MDS was determined, the weight of each MDS variable was calculated by its communality (Shukla et al., 2006) , which was equal to the ratio of its communality and the sum of the communalities of all variables in the MDS. The S i was the result of X ij calculated by Eq. [3].
Data Analyses
Classical statistics, Pearson correlation coefficients, and PCA were used to analyze the data using SPSS 16.0 (SPSS Inc.).
Correlation analysis was conducted to identify relationships between the measured indicators. Principal component analysis was used to select the soil quality indicators and calculate the weights of the indicators in the MDS. Linear regression analysis was used to fit an equation between corn yield and SQI using SigmaPlot 12.5. The tests were performed at the 0.05 or 0.01 significance level.
To ensure independence of the data used to establish and validate the equation, three-fifths of 168 samples (100 samples) that were evenly distributed upstream, midstream, and downstream were randomly selected to establish the equation, and the remaining twofifths of the samples (68 samples) were used to validate the equation. The coefficient of determination (R 2 ) and the Nash-Sutcliffe simulation efficiency (E NS ) (Nash and Sutcliffe, 1970) were then used to evaluate the prediction accuracy of the equation. The R 2 value indicates the strength of the relationship between the observed and calculated values. The E NS value indicates how well the observed value vs. the calculated value fits the 1:1 line. If the values of R 2 and E NS are close to 1, the model prediction is considered "perfect." If values of R 2 and E NS are close to 0, the model prediction is considered "poor." When R 2 is >0.6 and E NS is >0.5, the equation prediction is acceptable or satisfactory (Santhi et al., 2001) .
Kriging is one of the most frequently used methods of geostatistical interpolation (Guney et al., 2010) , so the kriging method was used to produce the spatial distribution maps of the SQI and corn yield using the GIS software ArcMap desktop (Version 9.3, ESRI). The grid used was based on a size of 5 by 5 m using available input points.
RESULTS AND DISCUSSION
Variability of Soil Chemical, Physical, and Biological Indicators
A data matrix of 168 sampling sites and 15 soil chemical, physical, and biological indicators was formed. Applying classical statistics and the Pearson correlation coefficient, measures of dispersion (mean, SD, CV, and range), and simple correlation (r value) among soil quality indicators were determined (Tables 1  and 2 ). Different soil indicators exhibited different degrees of heterogeneity (Table 1 ). The concentrations of SOM in the catchment varied from 8.50 to 39.90 g kg −1 , with a mean of 25.54 g kg −1 , which was considered a medium level according to the classification criteria of soil nutrients in the Second National Soil Survey of China (Soil Survey Office of China, 1992) . The mean SOM in topsoil for natural Mollisol soils before cultivation was 30 to 60 g kg −1 (Lei et al., 2009 ). In the early 1980s, the mean SOM in the Mollisol region of Northeast China was approximately 43.20 g kg −1 according to the Second National Soil Survey of China (Sui et al., 2008) . Obviously, SOM in this study region decreased. This is because, in the past several decades, farmers removed corn straw instead of leaving it in the fields. In addition, a high degree of cultivation along the hillslope has increased the potential for soil erosion. All these could contribute to the rapid decrease in SOM (Liu et al., 2006; Sui et al., 2008) . The concentrations of TN varied from 0.55 to 1.99 g kg −1 , with a mean of 1.33 g kg −1 (Table 1) , which was considered a medium level according to the classification criteria for soil nutrients (Soil Survey Office of China, 1992). There were two reasons for the medium level of soil TN content. On the one hand, the soil nutrient release was at a high-speed stage because the cultivation of new land was increasing; on the other hand, severe soil erosion caused decreasing TN (Liu et al., 2006; Sui et al., 2008) .
The mean values of AN and AP were 108.43 and 19.98 mg kg −1 , respectively (Table 1) . Both values were higher than those of the Second National Soil Survey of China, and both were considered to be high levels according to published classification criteria on soil nutrients (Soil Survey Office of China, 1992). The high soil AP and AN concentrations were directly related to the high degree of soil fertilizer application. Because AP and AN were at low levels in the natural soil, local farmers applied compound fertilizers to this area after cultivation. The fertilizers contained high levels of P and N and were clearly intended to increase corn production. The accumulation of a large amount of fertilizer input caused the soil's AP and AN concentrations to increase within the study catchment.
The BD ranged from 0.91 to 1.44 g cm −3 , with a mean of 1.21 g cm −3 (Table 1) . Many studies have shown that BD in Mollisols has tended to increase in recent years (Sun et al., 2007) . Unreasonable farming measures and reductions in the application of organic fertilizers were the main reasons behind the increase in BD on cultivated land. After the second soil survey, local farmers have rarely used organic fertilizer, and small four-wheeled tractors took the place of plowing with oxen and horses. As such, local farmers reduced the number of reared livestock, and only a very limited amount of manure and straw was returned to the soil, which caused further decreased SOM content, reduced the porosity, and increased the BD (Sun et al., 2007) .
In this study, according to the classification by Hillel (1980) , BD, GMD, and pH had low variation (CV < 10%), whereas the other tested soil indicators had medium variation ** Significant at the P < 0.01 level. † BD, bulk density; MWD, mean weight diameter; GMD, geometric mean diameter; SOM, soil organic matter; TN, total N; AN, available N; AP, available phosphorus; ALP, alkaline phosphatase; MBC, microbial biomass C; MBN, microbial biomass N.
(10% < CV < 100%), following the order TN < SOM < AN < ALP activity < sucrase activity < MWD < NH 4 + -N < urease activity < NO 3 − -N < MBC < AP < MBN (Table 1 ). The soil microbe system was extremely sensitive to disturbance of the soil surface, which led to the larger CV of MBN, MBC, and urease and sucrase activity in this area. The larger CV of AP was mainly because AP was strongly fixed by the small soil particles and was easily lost with soil loss. The SOM and TN had strong positive correlations with most of the assessed indicators, including AN, NO 3 − -N, AP, pH, urease activity, ALP activity, sucrase activity, and MBC, and the highest significant negative correlations were obtained for BD with most of the assessed indicators except GMD, AP, and MBN ( Table 2 ). Out of 120 pairs of soil quality indicator correlations in Table 2 , 66 pairs were found to be significantly correlated (p < 0.05). This frequency of correlation indicated that the measured soil indicators could be grouped into factors based on their correlation patterns.
Soil Quality Evaluation Using the Soil Quality Index
The entire data set was subjected to PCA to identify the critical soil indicators that could serve as soil quality indicators. Rotated (varimax) PCA was considered because of the logical grouping of variables under different factors and their high correlation frequency with individual indicators. Eigenvalues from the covariance analysis indicated the first four principal components, which had an eigenvalue >1 and accounted for 67.54% of the total variance, formed. The PC1, PC2, PC3, and PC4 accounted for 37. 98, 13.44, 8.92, and 7 .20% of the variance data, respectively (Table 3) .
The highly weighted variables under PC1, which were defined as those within 10% of the highest weight of factor loading, included SOM (0.947), TN (0.943), and AN (0.618) ( Table 3) . They also had significant correlations with each other. The SOM and TN had stronger correlations with most of the assessed indicators. This group of indicators implied that the first PC was mainly associated with SOM, which had the highest factor loading. Therefore, SOM was chosen to represent the first PC. With regard to corn growth, TN was retained in the first PC, although it was highly correlated with SOM. Available N had a higher loading, followed by SOC and TN. However, AN had high correlations with SOM and TN and was dropped. Thus, SOM and TN were selected within PC1.
In PC2, MBC (0.746), sucrase activity (0.730), and ALP activity (0.623) were highly weighted (Table 3) . Obviously, these attributes were also highly significantly correlated with each other. The variable with the highest weight (MBC) was chosen within PC2, and the one with the lowest weight (ALP activity) was dropped. Sucrase activity had a higher loading, followed by MBC. However, sucrase activity had high correlations with MBC. Because it may not be advisable to depend heavily on physical and chemical properties alone for assessing the SQI, soil enzymes were also evaluated. Moreover, soil enzyme activities indicated that sucrase activity was an important factor for assessing soil quality. Thus, sucrase activity and MBC were selected within PC2.
Likewise, for PC3, the variables NH 4 + -N (0.838), pH (−0.830), and NO 3 − -N (0.740) were highly weighted and were highly significantly correlated with each other (Table 3 ). The variable with the highest weight (NH 4 + -N) was chosen within PC3, while pH and NO 3 − -N, which were weighted lower, were dropped. For PC4, only one variable, MBN (0.940), had a high factor loading (Table 3) . Therefore, the final PCA-chosen indicators were SOM, TN, sucrase activity, NH 4 + -N, MBC, and MBN.
These indicators could be used to evaluate the soil quality in the study area. Once the simplified set of soil quality indicators were established, the need to test the array of other indicators to assess soil quality with time diminished. Previous researchers have also used the MDS approach to evaluate the SQI (Chen et al., 2013; D'Hose et al., 2014; Li et al., 2013; Liu et al., 2014) . Abid and Lal (2008) chose TN, MBC, and pH to evaluate soil quality in acid sulfate paddy soils in the southwestern region of China, while Chen et al. (2013) (Sharma et al., 2005; Wang et al., 2003) .
The Spatial Distribution of Soil Quality
Kriging interpolation was used to estimate a SQI at unsampled locations from the available data sites. These estimates are presented as distribution maps in Fig. 2 . From the spatial distribution map of SQIs, it can be clearly observed that the feature of the SQI distributions presented ribbon and plaque shapes in the study area. Overall, a high SQI was found in the eastern and northern areas, and low SQIs were found in the west and south. This spatial distribution of SQI could be linked to the heterogeneity of the topography. In the Mollisol region of Northeast China, soil erosion is considered to be one of the most important factors inducing a decline in soil quality (Fan et al., 2005) . According to the 1:10,000 digital elevation map of the study area, the slope gradient in the northern and eastern regions is low, ranging from 0.00° to 6.00° with a mean of 2.00°; it is greater in the south and west, ranging from 0.00 to 10.50° with a mean of 4.00°. Thus, the slope gradient distribution could influence the soil erosion intensity, which would affect the distribution of soil quality in the catchment.
Examining the spatial distribution of SQIs along the hillslope indicated that the highest SQI value occurred at the footslope or the upper position, while the lowest value occurred at the midslope position, and the middle value occurred at the transition zone between the upper and midslope positions, as well as between the mid-and footslope positions. This might be explained by the characteristics of soil erosion along the hillslope. Previous studies have shown that the pattern of soil redistribution is characterized by erosion from the upper slope positions and deposition at the lower slope positions (Ge et al., 2007; Zhang et al., 2004) . In the study catchment, slight soil erosion occurred at the upper position with an erosion rate of 0.20 to 11.97 Mg ha −1 yr −1 , severe soil erosion occurred at the midslope with an erosion rate of 12.54 to 31.17 Mg ha −1 yr −1 , and a great amount of soil material was deposited at the lower slope with a deposition rate up to 6.00 Mg ha −1 yr −1 . Correspondingly, the SQI values of the lower and upper slopes were higher than those of the midslope positions.
Variability of Corn Yield
The corn yields of the 168 sampling sites were measured for 4 yr from 2009 to 2013 to establish a soil quality indicator system with biological significance and to validate the results of the soil quality evaluation (Table 5 ). The corn yields for 4 yr ranged from 5782 to 12,845 kg ha −1 and averaged 8853 kg ha −1 , with a middle CV of 17% (Table 5 ). The CVs of the variability of the corn yields among the 168 samples in the study period were 22, 10, 25, and 23% in 2009, 2010, 2012, and 2013, respectively (Table  5 ). In these 4 yr, the maxima of the corn yields were 2.45, 1.62, 2.47, and 2.56 times greater than those of the minima (Table 5) . The large differences in corn yields among the 168 sampling sites might have been due to the great variation in soil quality, which appeared to be an important factor for corn growth (Li et al., 2013; Liu et al., 2014) . Table 5 shows that the mean corn yield in 2010 was 8928 kg ha −1 , which increased by 3.40 and 2.69% in 2009 and 2012, respectively, and decreased by 1.97% in 2013. Variations in the corn yields of the same sampling sites in different years could be mainly attributed to yearly weather conditions, but variation in corn yields among different sampling sites during the same year was dependent on soil quality.
The Spatial Distribution of Corn Yield
Kriging interpolation was used to estimate corn yields at unsampled locations from the available data. The result of this spatial interpolation process is shown in Fig. 3 .
The spatial distribution of corn yield was similar to that of the SQI, with characteristic ribbon and plaque shapes. Furthermore, greater corn yields were mainly distributed in the north of the catchment, and lower corn yields were found in the south. Examination of the spatial distribution of corn yield on the hillslope showed similar characteristics to the corresponding SQI distribution. Higher SQI values usually corresponded to greater corn yield, and lower soil SQI values corresponded to lower corn yield. The results showed that soil quality exhibited a positive effect on the spatial distribution of corn yield.
The corn yield changes at the slope scale were obvious and followed the order of midslope (8257 kg ha −1 ) < upper slope (8981 kg ha −1 ) < footslope (9321 kg ha −1 ). An et al. (2014) proposed that slight soil erosion occurred at the upper position, severe soil erosion occurred at the midslope, and a great amount of soil material was deposited at the footslope in the study catchment. It could clearly be seen that the changes in corn yields at the slope scale were coincident with soil erosion rates. High soil erosion rates corresponded to a low yield of corn and vice versa, so the spatial distributions of SQI and corn yield at the slope scale were all influenced by hillslope soil erosion.
Correlation between Corn Yield and the Soil Quality Index
To ensure the independence of the crop yield data used to fit and validate the equation, 100 samples were randomly selected from 168 sample crop yields to establish the equation. The remaining 68 samples were used to validate the equation. Figure 4 shows the correlation between corn yield and SQI based on where Y c is corn yield (kg ha −1 ) and X is the SQI. Equation [5] indicated that corn yield had a positive correlation with SQI in the study area, confirming that corn yield is indeed affected by soil quality. Therefore, evaluating the SQI is an effective and useful tool for assessing agronomic productivity in the Mollisol region. This regression equation was also consistent with studies by Li et al. (2013) and D'Hose et al. (2014) . Overall, soil quality showed a positive effect on crop yield and its spatial distribution. It also demonstrated that determining the soil quality in this study catchment using the MDS method through PCA had significance.
Values calculated by Eq.
[5] were cross-validated ( Fig.  5) with observed values not used in the development of Eq.
[5]. Equation [5] values were distributed along the 1:1 line, indicating that those values were relatively close to the observed values (Fig. 5) . Moreover, the R 2 and E NS of Eq.
[5] were 0.63 and 0.65, respectively, indicating the predicted corn yields were well matched with observed corn yields (Fig. 5) . The results from the validation of Eq. [5] indicate that the fitting equation attained a satisfactory level of accuracy. Therefore, the equation is suitable for the prediction of corn yield in the study area.
CONCLUSIONS
To evaluate the relationship between crop yield and soil quality in the typical Mollisol region of Northeast China, 15 chemical, physical, and biological indicators were assessed and corn yields for 4 yr were measured. The results from the correlation analysis and PCA indicated that the key soil quality indicators were SOM, TN, sucrase activity, NH 4 + -N, MBC, and MBN. The spatial distribution of SQI values in the north and east of the catchment was higher, while in the south and west of the catchment it was lower. At the hillslope scale, the spatial distribution of SQI values showed that high values of SQI occurred at the footslope and upper positions; the lowest SQI value occurred at the midslope position, and the middle value of SQI occurred at the transition zone between the upper and midslope positions, as well as between the mid-and footslope positions. The spatial distribution of crop yield at both catchment and hillslope scales corresponded to the distribution of soil quality to a certain extent. Moreover, an SQI and corn yield equation was fitted and the results by cross-validation indicated that the equation resulted in satisfactory prediction accuracy. Effective soil quality conservation measures should be taken to maintain soil productivity and sustainable land-use management, such as applying organic manure and implementing soil conservation measures including retaining crop residues in the field, growing winter cover crops, and using no-till management. Finally, an assessment of soil conservation measures and their impacts on crop yields should be further considered.
